Objective Clinical Fitness Assessment Using Inertial Sensors  by Ameli, Sina et al.
 Procedia Engineering  41 ( 2012 )  443 – 449 
1877-7058 © 2012 Published by Elsevier Ltd.
doi: 10.1016/j.proeng.2012.07.196 
* Corresponding author. Tel.:+61242392341. 
E-mail address: sa811@uow.edu.au 
2012 International Symposium on Robotics and Intelligent Sensors 
Objective Clinical Fitness Assessment Using Inertial Sensors 
Sina Ameli*, Fazel Naghdy, David Stirling, Golshah Naghdya, Morteza Aghmeshehb 
aSchool of Electrical, Computer, and Telecommunications Engineering, University of Wollongong, Wollongong, 2500, Australia 
b Cancer Care Centre, Wollongong Hospital, Wollongong, NSW 2500 
Abstract 
Currently a questionnaire-based method known as ECOG, assigning a score according to the patient’s response is employed for 
tracking cancer patient’s physical status during chemotherapy. This approach is quite subjective, and prone to error and inaccuracy. 
Walking test (WT) has been used in the past as an objective physical assessment of patients with cardiopulmonary diseases and to 
very limited extent has been experimented on oncology patients. In the conventional WT, only the distance travelled by the patient 
is measured without taking into account the characteristics of the gait and posture that reflects a patient’s fitness. Towards 
developing an objective method to track cancer patient’s physical status, inertial sensors are used to measure walk and posture 
characteristics during a WT. Using a set of 17 sensors, the inertial signals corresponding to position, velocity, acceleration, 
orientation, angular velocity and angular acceleration are recorded based on a 23 degree of freedom humanoid model. The data 
streams obtained are subsequently segmented by an intrinsic clustering algorithm known as Minimum Message Length encoding 
(MML) forming a Gaussian Mixture Model (GMM). Several postural states (exemplar motion primitives) are captured in the 
resultant model, which is subsequently utilized to derive a holistic index corresponding to the physical ambulatory status of patient. 
The proposed method is applied to two sets of experimental data both pre- and post-chemotherapy conditions. The simulation 
scenario for chemotherapy patients and typical gait behavior has been devised in consultation with the collaborating Oncologist. 
The results are encouraging as they clearly distinguish between different simulated fitness conditions and can potentially assist 
oncologist to make a decision about continuation or termination of treatment. 
 
© 2012 The Authors. Published by Elsevier Ltd. Selection and/or peer-review under responsibility of the Centre of 
Humanoid Robots and Bio-Sensor (HuRoBs), Faculty of Mechanical Engineering, Universiti Teknologi MARA. 
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1. Introduction 
Systemic chemotherapy is given as an adjuvant treatment after breast cancer surgery. The aim of such treatment is 
to improve the symptoms of disease, overall survival, destroy remaining cancer cells as well as prevent the cancer 
from relapsing [1]. Adjuvant chemotherapy is being offered to improve substantially prospects of survival [2]. The 
results of a large number of breast cancer patients treated with adjuvant chemotherapy indicate such treatment extends 
disease-free survival and general survival [3]. Adjuvant chemotherapy after surgery for early breast cancer is 
beneficial for patients with an unfavourable prognosis [4]. Clinicians conventionally observe cancer patient’s 
physiological status during adjuvant chemotherapy through some limited subjective approach. An example is a 
questionnaire-based method from the Eastern Cooperative Oncology Group (ECOG) that assigns a score according to 
the patient’s response. This approach is quite subjective, and prone to error and inaccuracy. ECOG performance status 
is an attempt to quantify cancer patients' general well-being and activities of daily life [5] The ECOG table is shown in 
Table 1. There is therefore a clinical need for an objective tool to measure fitness of cancer patient. Towards 
developing such a method for monitoring the physical status of cancer patients, inertial sensors are used in the study 
reported in this paper to measure walk and posture characteristics during a WT. The fatigue effects on functional status 
and fitness fluctuations before and after adjuvant chemotherapy are assessed through inertial motion analysis. Using a 
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set of 17 sensors, the inertial signals corresponding to position, velocity, acceleration, orientation, angular velocity and 
angular acceleration are recorded based on a 23 degree of freedom humanoid model. An intrinsic clustering algorithm 
known as Minimum Message Length (MML) subsequently segments the recorded data streams, which also forms a 
Gaussian Mixture Model (GMM). Several postural states (exemplar motion primitives) are captured in the resultant 
model that is subsequently utilized to derive a holistic index corresponding to the physical ambulatory status of 
patient.  The proposed method is applied to two sets of experimental data simulating pre and post-chemotherapy 
conditions. The results are encouraging as they clearly distinguish between different simulated fitness conditions and 
can potentially assist an oncologist in decisions about continuation or termination of treatment. Only the first 
developmental stage of this method is being reported in this paper. The following sections of the paper are structured 
as follows. An initial review of the literature surrounding the monitoring and assessment problems is addressed. The 
experimental set up consisting of the motion capture suit and its corresponding software are described in Section 3. 
This is followed by a detailed view of the experimental work and results (Section 3.4). Finally, several conclusions 
will be drawn and the future work will be highlighted. 
Table.1. ECOG Table.a [5] 
Grade                                    ECOG PERFORMANCE STATUS 
0 
1 
 
2 
3 
4 
5 
Fully active, able to carry on all pre-disease performance without restriction 
Restricted in physically strenuous activity but ambulatory and able to carry out work of a light or sedentary nature, e.g., 
light house work, office work 
Ambulatory and capable of all selfcare but unable to carry out any work activities. up and about more than 50% of 
waking hours 
Capable of only limited selfcare, confined to bed or chair more than 50% of waking hours 
Completely disabled. Cannot carry on any selfcare. Totally confined to bed or chair 
Dead 
2. Background 
2.1. Exercise Test 
The exercise test can be considered as an appropriate alternative method for fitness measurement [6]. This is a 
precise tool that provides an assessment of body limitations in dynamic performance and it has been employed in 
variety of clinical assessments. Some applications of exercise test include Cardio respiratory assessment [7], fatigue 
reduction in cancer patients [8], functional status improvement [9], Quality of Life (QoL) assessment [10] and 
improvement [11], cancer patient’s physical condition enhancement during treatment [12,132] or after cancer 
treatment [14]. May et. al. [15] employed exercise test to evaluate the effects of a 12-week supervised physical 
training program in cancer survivors.  
Walking tests demonstrating the gait limitations have been employed in different works as an exercise test. The Six 
Minute Walking Test (6MWT) is a popular walking test that has proved to be reliable in determining fatigue effects 
and has been deployed in a variety of applications. Montes applied the 6MWT to assess fatigue in spinal muscular 
atrophy (SMA) patients [16]. In contrast, Iseki et al. have deployed a treadmill for walking test to determine the gait 
disturbances [17]. Employing a walking test in this research [18] resulted in developing an objective assessment tool 
to evaluate fatigue in Multiple Sclerosis (MS) patients. Furthermore, Benzo et al. have investigated the correlation 
between peak of oxygen consumption (VO2) and a shuttle-walking test (SWT) in chronic obstructive pulmonary 
disease (COPD). Their findings facilitated a wider understanding of the role of a walking test in determining fatigue 
and the capacity of patients [19]. The application of exercise tests, however, has been limited to about one third of 
cancer investigations [20].Walking tests have also been employed in clinical oncology. In its current form it simply 
measures the distance that a person can quickly walk on a flat and hard surface over a certain period [21]. Walking 
tests have proved to be reliable and practical, as well as simple, safe, and inexpensive objective methods to assess the 
exercise capacity of a patient [22]. This method has shown to be more sensitive than a cycle ergo meter test in 
analyzing oxygen requirements [23]. A cycle ergo meter test is a stationary bicycle equipped with an instrument to 
measure the work done by the exerciser. Lederer et al. found that the distance travelled in the walking test is a strong 
and independent predicator of different diseases [24]. The WT has been moreover deployed in [25] to compare the 
effectiveness of oxygen and air in increasing the functional status of cancer patients in advanced conditions during an 
exercise test. The reliability of this technique is, however, limited, as it does not take into account natural factors, such 
as the short straight gait of a patient, which can significantly affect the result of the test. The WT seems to primarily 
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measure the ability of a patient to walk [26]. The unknown effects of general health and mobility of older people on 
the results of the walking tests has been identified as one of its deficiencies [27]. The lack of reference data across 
patients from different age and gender groups is another limitation of walking tests [28]. Walking distance furthermore 
does not provide specific information on patient’s gait quality during the walk or his/her posture configuration [29].  
2.2. Gait Analysis 
Recording and analysis of human motion characteristics using inertial motion capture is applied to the WT in this 
study in order to establish a more quantitative, objective and effective technique. This approach is known in the 
literature as gait analysis. Gait analysis has been applied to a number of clinical applications.  Tyrell has studied the 
gait abnormalities of stroke survivors by recording their movements with a 3D camera during an increase in walking 
speed [30]. The results provide clinicians with kinematics data of different limbs of the lower body [31]. It 
demonstrates the progress of the stroke patient’s functional status during rehabilitation. Monitoring upper limb motor 
skills of stroke patients during rehabilitation by employing marker less motion capture with dual cameras has been 
addressed in [32]. This research has compared kinematics data accuracy of Parkinson patient’s center of mass (CoM) 
produced by inertial sensors and optical motion capture systems [33]. Human gait modeling through motion capture 
techniques has been investigated in a number of robotics and biomedical applications. In the work carried out by 
Mariani et al. [34], the data produced by wearable inertial sensors was fed to a 3D gait analysis algorithm with a close 
loop system to analyze the parameters of the gait. An optical motion capture system deployed as reference system 
calculates the kinematic data in 3D. The results of two systems are compared to identify the accuracy of inertial 
sensors. Field et al. have worked on human gait simulation for bipedal robots by applying Gaussian Mixture Models 
[35]. The data used in the analysis was derived from a motion capture suit using inertial sensors. In the study 
conducted in [36] the gait analysis results obtained by Xsens inertial sensors and VICON optical motion capture 
system are compared. Real time human motion tracking with three inertial sensors has been previously reported [37]. 
Later study calculated the orientation by applying a Kalman filter-based fusion algorithm.   
2.3. Modeling of Gait 
There are a number of methods and algorithms reported in the literature for gait modeling and identifying the 
walking characteristics of an individual [38]. One of the most popular methods is calculating the probability 
distribution models of the data over space of motion sequences articulated by orientation, position and joint angles of 
different body segments. These models assign higher probabilities to the motion sequences being similar to the 
training data. High dimensionality of the data in such studies is a significant challenge. Gaussian Mixture Models 
(GMM) have been investigated in training gait images to recognize walking patterns [39]. In order to discriminate 
between human and quadruped gaits, Park also applies GMMs to model gaits and to extract their features [40]. In a 
study on the Progressive Isoinertial Lifting Evaluation (PILE) test, that is used to assess objectively functional 
capacity and identify the point of muscle fatigue, Stirling et al. have applied GMMs to the motion data produced by an 
inertial motion capture suit [41].   
3. Experimental Work 
3.1. Inertial Motion Capture 
The motion data used in the study has been recorded via a motion capture system based on a network array of 
state-of-the-art MEMs inertial wireless sensors embedded in a motion capture suit. The motion capture suit is 
comprised of 17 inertial sensors mounted on the body. Each sensor consists of tri-axial accelerometers, gyroscopes 
and magnetometers. Collectively, the sensors estimate global orientations of body members through a Kalman filter 
[42]. The Kalman filter continuously corrects drift and noise in the data. The suit is MVN® from Xsens Technologies, 
which provides data on 23 different segments of the body kinematics such as position, orientation, velocity, 
acceleration, angular velocity and angular acceleration as shown in Figure 1. The model as illustrated in Figure 2 takes 
into account a 3 dimensional articulated body beside the point light representation where each blue point is a joint 
centre and red points are the middle position of each body segment. Each body segment has a series of features 
associated with the motion and the joint angles are given as Euler angles with respect to the previous joint. The data 
produced by the system provides a kinematic model of the body in reference to the global coordinate frame defined 
during calibration. Sensor data is sent from two wireless master modules on the lower back to wireless receivers 
plugged into a laptop computer. Data capture and visualization is carried out using MVN Studio Pro v3.3. Inertial data 
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is recorded at 60 Hz. Each sensor unit contains 3D gyroscopes, 3D accelerometers, 3D magnetometers and a 
temperature compensation sensor. Gyroscopes measure angular velocity that is integrated over time to find segment 
orientation (relative to an initial orientation). Accelerometers measure linear acceleration that after removing the 
gravity component is twice integrated to find each of the 23 segment positions (relative to the initial position). The 
motion capture suit is an ambulatory camera-less 3D human motion measurement system that can be deployed either 
indoors or outdoors regardless of lighting conditions. The kinematics data is saved in an MVNX file format that is 
subsequently read and used, using an intermediate program coded in MATLAB. 
3.2. Experimental Procedure 
A series of experiments has been carried out to test the feasibility of the proposed technique. The simulation 
scenario for chemotherapy patients and typical gait behavior has been devised in consultation with Oncologist. During 
these studies, the subjects simulate typically observed gait characteristics of cancer patients who have undergone 
adjuvant chemotherapy after surgery and tumor removal for survival extension. During each experiment, the subject 
wearing the motion capture suit performed the WT and the data was recorded. The simulated scenario illustrates two 
specific instances in the therapy of a breast cancer patient. The first walking test represents four weeks after surgery 
for removal of a tumor while the second one simulates the instance after three months of adjuvant chemotherapy. The 
full array of data captured represents a stream of 607 variables derived from some 17 locations on the body. The data 
is used to construct the 23–link kinetic model of the human motions, illustrated in real-time by an animated Avatar. 
Figure 3 displays the joint angle data of all the joints in 3D, consisting of the Euler angles of 23 joints which 
enumerates to 69 variables. These variables on horizontal axis also correspond to the sensor locations on the body. 
Figure 3 also illustrates significant differences in the joint angles of arms, legs and hips before and after adjuvant 
chemotherapy.  
     
(a)                                      (b) 
Figure 1. Inertial Motion Capture: (a) Moven®, light weight latex 
motion suit housing a network of 16 MTx inertial sensors (b) 
distribution of MTx sensors including the L and R aggregation and 
wireless transmitter units— adapted from (Xsens Technologies, 
2007). 
Figure 2. The biomechanical model representation 
 
3.3. Data Analysis 
The primary hypothesis of this study is to identify some significant gait patterns in the motion data indicative of 
adjuvant chemotherapy effects on functional status. This, however, is quite challenging due to the high dimension of 
data and high degree of freedom (DOF) of human body. Mathematical and statistical models are commonly employed 
in gait characteristics assessment. Eskofier used Principal Component Analysis for feature extraction together with 
Support Vector Machine (SVM) classification to segment young from elderly gaits for determining gait risks [43]. 
Hidden Markov Models (HMMs) have been investigated in [44] to analyze walking sequences, whilst Dynamic Time 
Warping (DTW) [45], Dynamic Finger Print (DFP) [46] and fuzzy k-nearest neighbour [47] are the other approaches 
explored in such studies. Probability distribution models have been deployed in many of gait analysis studies. Mixture 
models explaining the probability of sub-populations within overall observations is a probability distribution model. In 
this project, an unsupervised learning method is employed to cluster all the joint angles production by the motion 
capture during walking test. This approach segments all unlabelled and complex data. To discover the significant 
patterns in human motion, a pre-defined model should be considered. Here, a Gaussian Mixture Model and Bayesian 
probability based segmentation are proposed to develop primitive models of a walking gait. The main approach used 
for unsupervised learning in this paper is Minimum Message Length (MML) encoding. MML inductive inference is an 
intrinsic classification algorithm, which forms a code containing a compressed message with a typically efficient 
segmentation of the data. MML searches to find the best cluster set making the shortest message length. The resultant 
segmentations are built as a result of a trading off between accuracy and message length. For any given data set D, the 
MML approach searches the most probable hypothesis, H, which maximizes P(H|D). Bayesian theorem defines the 
posterior probability of H as the product of the prior probability of H and the likelihood function of D given H divided 
by the marginal probability of the observed data, or 
P(H|D) is equivalent to maximising P(H) × P(D|H), which is in turn equivalent to minimising −logP(H) −logP(D|H)
the length of a two-part message transmitted from D. The function of a model, or parameter estimate, is a probability 
distribution for the data that should be coded. The encoded model comprises of two parts: sender (encoder) and
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Fig. 3. All 23 data joint angles in radian. 
Receiver (decoder). The encoder describes the model and the decoder defines the observed data given that model. The 
encoder and decoder must use the same language in order to have the same probability distribution. The size of each 
cluster is not fixed but determined automatically by the MML training process seeking to minimise the message length 
for the whole model 
3.4.  Results  
Figure 4 illustrates the message length in segmenting the data of the first walking test. An overview of this graph 
reveals that the slope of reduction is changed considerably at 10 clusters. Here, the message length is decreased from 
279200 to 171700. The constant trend after 24 clusters indicates that any further increase is unlikely to reduce the 
complexity of the multivariate motion data any further. The results also indicate that the maximum number of intrinsic 
modes or clusters (27 in this case) that is indicative of the inherent gait behaviour of the subject in the walking test. 
The message length and the statistical criteria of clusters are, however, varied. Furthermore, the results demonstrate 
that the dynamic pattern of walking for each individual is independent from physical and fitness status, though an 
array of factors such as fatigue affects the quality of these fixed patterns. The initial observations indicate that the gait 
distance or walking time intervals affected by the fatigue. One advantage of gait articulation through a GMM is 
modelling multidimensional data into single dimension while preserving all of the spatial-temporal gait characteristics. 
The GMM is characterized by a set of means (μ) and standard deviations (σ) of each feature (69) in each cluster or 
intrinsic mode. The clustering process segments the entire instance data have similar magnitudes and variances, or 
collectively body postures, in same cluster. In essence, each cluster formed in the GMM describes one of the motion 
primitives, which can be treated as one modal pose of the walking gait. The sequences of the first experimental test are 
depicted in Figure 5. This test is done along a straight line corridor of the length of 15 meters over 3 minutes. It can be 
seen that the repetitive walking cycles are interposed with noticeable white spaces indicating the end of the straight 
line. In other words, at these spaces the subject turns on the same spot to start a new cycle. The gait behaviour during 
this test is clustered into 24 different walking states. This graph can be divided into 4 main parts. The video recorded 
from the test shows that the subject started the walk with a normal pace, and after approximately 50 samples (seconds) 
the subject increases their gait speed until approximately 120 seconds. A tangible reduction in the speed between 
nearly 120 to 170 seconds is followed again by a normal gait condition until the end at 180 seconds. The first phase of 
normal gait contains a restricted number of motion primitives from 4 to 22, indicating the gait is achieved with limited 
but similar number movements. However, increasing speed in the subsequent phase requires additional motion 
primitives or postural states. Finally, in simulating certain reducing fatigue effects, the subject recovers her speed 
approximating the second part. More interestingly, identical patterns for Sections 2 and 4 and white spaces compared 
to the other parts approve this statement. The subject’s walking sequences are depicted in Figure 6. Here, again 24 
distinctive clusters demonstrate the gait behaviour after simulated adjuvant chemotherapy. As expected, due to the 
fatigue caused by chemotherapy, it takes longer for the subject to turn at the end of each cycle compared to the first 
test. Three distinctive segments can be identified in walking sequence. The subject starts the walk at high speed until 
about 57 frames. At this point, the subject reduces her speed due to fatigue. The limited number of clusters and a long 
length of the experiment reflect the possible effects of chemotherapy on the subject. After getting familiar with the 
task, at frame 138 the subject attempts to walk in normal condition. However, the longer periods required for the 
occurrence of consecutive walking clusters and turning spots indicate the adjuvant chemotherapy has affected her 
functional status and has reduced her fitness. Furthermore, the results demonstrate that the dynamic pattern of walking 
for each individual is independent from physical and fitness status, though an array of factors such as fatigue affects 
the quality of these fixed patterns. The initial observations indicate that the gait distance or walking time interval is 
affected by the fatigue. The accumulation of differences between state or movement sequences made by subject during 
test is called the “Twitch Factor”. In Figure 7, a cumulative postural state change, CPSC, or Twitch Factor is 
calculated for both experiments with the aim of highlighting the adjuvant chemotherapy effects on the functional 
status. This figure indicates the cumulative differences of all joint angles in consecutive sequences during the walk. A 
variety of patient’s movements before chemotherapy and a better fitness condition have resulted in a different number 
of clusters and more varied gait sequences. As a result, the Twitch Factor for the subject before simulated 
chemotherapy has a bigger slope compared to after. 
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Fig. 5. The GMM Sequences during walking before adjuvant chemotherapy 
 
Fig. 6. The GMM Sequences during walking after adjuvant chemotherapy 
                     Fig. 7. The cumulative postural state change, CPSC, or 
“Twitch Factor” 
 
Fig. 4. The Message Length of joint angle data clustered 
through MML for chemotherapy 
4. Conclusion and Future Work 
The preliminary studies reported in this paper indicate that the unsupervised classification of motion data produced by 
inertial sensors can provide an objective method for fitness assessment. The results clearly demonstrate
 the potential of the proposed technique to detect the fatigue caused by chemotherapy by analysing variation of the 
dynamic data produced during 6MWT. The developed technique can also identify the attempts of the fatigued subject 
to return to a normal walk and also deterioration in the subject’s strength as the walk progresses. This is highlighted in 
the case of twitch factor shown in Figure 8, that a negligible difference between the two lines gradually increases to 
more than 2000 total mode or state changes at the end of test. Also the fact that noticeable fatigue effects on functional 
status of cancer patient during post chemotherapy process can be detected from non-linear trends in the twitch factor. 
Further work will include a full clinical validation of the proposed technique. The algorithms developed in this work 
will be applied to a diverse group of cancer patients before and after chemotherapy towards developing an accurate 
index identifying the physical status and fitness of a patient during the chemotherapy process.  
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